The objective of this study was to develop a framework describing the milk production curve in sows as affected by parity, method of milk yield (MY) determination, litter size (LS), and litter gain (LG). A database containing data on LS, LG, dietary protein and fat content, MY, and composition measured on more than 1 d during lactation and method for determining MY from peer reviewed publications and individual sow data from 3 studies was constructed. A Bayesian hierarchical model was developed to analyze milk production data. The classical Wood curve was used to model time trends in MY during lactation, and it was re-parameterized expressing the natural logarithm of MY values at d 5, 20, and 30 as functional parameters. The model incorporated random effects of experiment, sow nested within experiment, and fixed effects of LS, LG, parity, and method through the functional parameters of the Wood curve. A second set of models were constructed to analyze milk composition data, including day in milk, LS, dietary protein, and fat contents. Four scenarios with different LG and LS were constructed using the framework to estimate the energy output in milk at different days during lactation. The estimated energy output was compared with energy output values calculated using the 1998 NRC method. Milk yield was underestimated by approximately 20% with the weigh-suckle-weigh technique compared with the deuterium oxide dilution technique (P < 0.001). The mean LG and LS for the dataset were 2.05 kg/d (1.0; 3.3) and 9.5 piglets (5; 14), respectively. The MY was affected by LS on d 5 and 20 (P < 0.001) and by LG on d 20 (P < 0.001) and d 30 (P = 0.004). The mean time to peak lactation was 18.7 d (SD = 1.06) postpartum and mean MY at peak lactation was 9.23 kg (SD = 0.14). The average protein, lactose, and fat content of milk was 5.22 (SD = 0.06), 5.41 (SD = 0.08), and 7.32% (SD = 0.17%), respectively. The NE requirement for lactation increased from d 5 to 20 because of increased MY. Requirements also increased with increasing LG and LS. The framework could be used to predict energy and protein requirements for lactation under different production expectations and can be incorporated into a whole animal model for determination of energy and nutrient requirements for lactating sows, which can optimize sow performance and longevity.
During lactation, sows often become catabolic and mobilize body reserves to support milk production; however, excessive weight loss should be prevented (Eissen et al., 2003; Schenkel et al., 2010) . Determination of energy and AA requirement of sows during lactation requires quantification of milk production because a major part of the energy and AA intake is partitioned towards milk constituent synthesis (Noblet et al., 1990) . If a factorial approach (i.e., the sum of requirements for maintenance, milk production, or BW gain or loss) is used to establish requirements for the lactating sow, prediction or measurement of milk production is a key element (Whittemore and Morgan, 1990) . Noblet and Etienne (1989) developed a model to predict average milk yield (MY) from 1 to 21 d postpartum from the average litter gain (LG). This model is still widely used, but it has some limitations. For instance, the model only predicts an average MY. The MY changes throughout lactation, resulting in changing energy requirements of the sow; therefore, the knowledge on the form of the lactation curve is crucial. Other authors (e.g., Whittemore and Morgan, 1990; Walker and Young, 1992) have developed models to describe the lactation curve of the sow, and nutritional simulation models of the lactating sow also use various forms of a lactation equation to represent the homeorhetic drive of lactation (Pomar et al., 1991; Pettigrew et al., 1992; Dourmad et al., 2008) .
A functional form that offers optimal tradeoff between model complexity and data availability, which can be used to update our quantitative understanding of milk production in sows, remains to be identified. The objectives of this study were 1) to conduct a metaanalysis based on a database containing milk production information and compiled from the literature and individual sows and 2) to formulate a Bayesian hierarchical model quantifying effects of parity, methodology, litter size (LS), and LG on the MY and composition.
MATERIALS AND METHODS
Animal Care and Use Committee approval was not obtained for this study because the data were obtained from the literature. Two databases containing milk production and milk composition data were assembled from the literature and referred to as "aggregated data".
Milk Production
The criteria for including a study in the milk production database were 1) the data must be published in a peer-reviewed journal after 1980, and 2) the data should include information containing MY measured on more than 1 d during the lactation (i.e., a longitudinal study), method for determining MY (weigh-suckle-weigh method (WSW) or deuterium oxide (D 2 O), LG from birth to weaning, day of weaning, and LS. Studies that did not follow those criteria were excluded during literature screening. Furthermore, data from transgenic sows or hormone treated sows were also excluded. The literature review on MY yielded 56 studies that reported information on milk production data, but only 18 studies met the aforementioned criteria. Sows were divided into 3 parity groups: parity 1, parity 2, and above parity 2 (>2), as the data did not permit single parity class because of confounding of parity with study. This strategy yielded group sizes of 41, 15, and 7 for parities 1, 2, and >2, respectively, where the group refers to the study-treatment combination. Individual sow data (referred to as "individual data") from 3 Danish studies were also included in the database (Theil et al., 2002 (Theil et al., , 2004 Hansen et al., 2012) . Data used in the analysis of the milk production are presented in Figure 1 .
Milk Composition
The criteria for including a study in the milk composition database were 1) the data must be published in a peer-reviewed journal after 1980, and 2) the data should include information containing milk composition (milk fat, MF; protein, MCP; and lactose, ML) measured on more than 1 d during the lactation (i.e., a longitudinal study), LS, and fat and protein intake (% of feed). Studies that did not include those criteria were excluded during literature screening. Furthermore, data from transgenic sows or hormone treated sows, and studies focusing on Figure 1 . Milk yield (kg·d −1 ) during lactation is shown for aggregated data and individual sow data. For the aggregated data, each line represents an experimental group, and for the individual data, there is a line for each sow. colostrum composition (d 1 to 2 postpartum) were also excluded. Only 27 out of the 142 studies met the criteria for inclusion. Data used in the analysis of milk composition are presented in Figure 2 . Summary statistics for the final dataset are summarized in Tables 1 and 2 .
Bayesian Hierarchical Modeling of Milk Yield and Composition
Lactation Equations. Two lactation equations of different complexity were chosen: a modified form of a Gompertz function (Hansen et al., 2011) and the classical Wood equation (Wood, 1967) . The lactation curve of the sow was expected to be non-symmetrical because the acceleration in MY in early lactation is faster than the deceleration in late lactation. The selected equations were chosen because they resembled this feature and, in addition, the Wood equation has been widely used to model milk production in dairy cows. During earlier stages of model exploration, the Dijkstra lactation equation was also selected, since it provided a mechanistic interpretation of the lactation curve (Dijkstra et al., 1997; Thornley and France, 2007) . However, convergence could not be established because of parameter identifiability as a consequence of the short lactation length and, hence, the results were not reported. The functional form of the equations and their attributes are presented in Table 3 . The modified Gompertz function was parameterized to include peak MY (y m ) and the time to peak lactation (t m ), which was expressed on a log scale as ly m and lt m , respectively. All parameters of the lactation equations were presented on a log-scale because they are positive quantities and normally distributed on a log-scale (Hansen et al., 2006) . The Wood equation was parameterized as the logarithm to the MY at d 5 (ly 5 ), 20 (ly 20 ), and 30 (ly 30 ) postpartum, corresponding to 3 points on the lactation curve. The specialized version of the Wood function was developed for this analysis because of the poor numerical properties of the original version. The re-parameterization introduced algebraically complex expressions for the basic parameters of the Wood curve (a, b, and c; see Table 3 ), but it reduced the posterior correlations between parameters efficiently, which is important when Gibbs-sampling is used for parameter estimation. It is well known that the Gibbs sampler performs poorly when the intra-correlation between parameters is high (Gelfand et al., 1995) . We noted that the posterior correlation between the model parameters did not exceed 0.6 with the new version, whereas in the original parameterization, the posterior correlations exceeded 0.9. This also led to highly auto-correlated samples and very slow convergence. Similarly, Pomar et al. (1991) encountered problems of highly intra-correlated parameters when fitting the Wood curve to sow lactation data, and they preferred the Dhanoa (1981) version of the Wood function. Initially, the re-parameterization of the Wood curve proposed by Dhanoa (1981) was also investigated, but the current approach (specialized Wood function) was superior.
Milk Yield Data. In this paper, a recently proposed framework (Sutton et al., 2008) for analyzing a combination of aggregate and individual data is described, and it is shown how it can be adapted for use in a complex study of sow performance predictors of MY for factorial nutrient requirement calculations. In the case of aggregated data, quantities in the study-treatment factor represented the identifier for the lactation profiles, forming a natural cluster in the data. It was treated as a random factor because it relates to a population of hypotheses that have been explored in the literature. Moreover, the objective was to quantify the reported variability between lactation profiles, as those relate to LS and LG, method of MY measurement, and parity. In the individual sow data, it is the sow that identifies the lactation profile, and the sow was treated as a random factor, nested within the study-treatment factor. Hence, a multi-stage modeling framework must be formulated for differentiating the nested sources of variability, and it is outlined below.
For the individual sow data, let y ijk denote the observed MY for the jth sow (j = 1, …, 61) in the ith study-treatment class (i = 1, …, 9) at the kth day in milk (DIM, k = 1, …, n ij ). The 4-stage model was formulated as follows:
Stage 2 (Inter-individual):
Stage 3 (Inter-study):
For aggregated data, let y ik denote the reported MY in the ith experiment (i = 10, …, 63) at kth DIM (k = 1, …, n i ), the hierarchical model then becomes
where y ijk and y ik are assumed to be normally distributed with the expected values given by the 2 lactation functions f (•) and variances denoted by σ 2 and SE ik 2 . The SE ik 2 is the time-by-treatment sample variance, which is assumed to be known because it is given as the timeby-treatment SE reported in the individual studies. The p-dimensional (i.e., 2 and 3) random effects λ ij and θ i represented sow and study-treatment specific parameters. The MVN (•,•) and MVT (•,•) denoted p-dimensional multivariate normal distribution and student-t distribution with 5 degrees of freedom, respectively, X i was a p × q covariate-effect design matrix for ith experiment, incorporating LS and LG, method (D 2 O, WSW), and parity (1, 2, < 2), β was a vector of q fixed effect parameters (i.e., intercepts and gradients), and Λ (p × p) and Ω (p × p) were the inter-individual and inter-experiment variance-covariance matrices. Inter-experimental variability was modeled using a multivariate student-t distribution instead of a multivariate normal, providing robust inference towards influential/outlying experiments. The fourth stage was a model for the priors, i.e. Stage 4 (Priors): The general applicability of Bayesian hierarchical models has been enhanced by advances in computational algorithms such as Markov Chain Monte Carlo techniques. This estimation method is used to solve individual and aggregated data trial models simultaneously linked by common parameters (i.e., fixed effects β, interexperiment variance-covariance matrix Ω and the studytreatment stage parameters θ i .)
Milk Composition Data. The analysis of the milk composition data is simpler than milk yield data because it contains aggregated data only. The y ik denotes the reported milk composition (ML, MCP, and MF) in the ith study-treatment (i = 1,…, M) at kth DIM (k = 1, …, n i ), then the hierarchical model becomes Stage 1 (Within study):
Stage 2 (Inter study): and 5 df. The number of sows in each treatment (N i ) was used to weigh the treatment means within each study, i.e., σ i 2 = σ E 2 /N i . Implementation and Convergence Diagnostics. All models were implemented in the general purpose software for Bayesian analysis WinBUGS (Lunn et al., 2000) . To run the models more efficiently, the WBdev add-on was used through the BlackBox Pascal component compiler. Two chains were run with different initial over-dispersed values. To assess convergence of the chains, 4 formal convergence tests at the core of the convergence diagnostic and output analysis (CODA) package were used (Best et al., 1995) .
Model Selection. In Bayesian analysis, there is no standard model selection criteria; thus, a variety of criteria for model selection decisions were used, i.e., 1) a reduction in the residual error magnitude; 2) the magnitude of the estimated effect, which was judged by its 95% credible interval (CI) and computation of a Bayesian posterior probability ; and 3) deviance information criteria (DIC), which is a general tool to assess the tradeoff between model fit (deviance, −2 log likelihood) and complexity (number of effective parameters; Spiegelhalter et al., 2002) . The notion that "smaller is better" is preserved in the DIC, and whereas smaller is better, differences of 5 and 10 DIC units were considered to be either a tendency or a substantive improvement of fit to data (Spiegelhalter et al., 2002) .
Prediction of Milk Nutrient Output and Energy Requirements. Net energy and nutrient requirements for milk production were calculated as the product of milk composition (MF, MCP, and ML) and yield, where the energy content of the milk (NE l ) was equated as NE l (MJ/kg) = 0.389 × MF (%) + 0.239 × MCP (%) + 0.165 × ML (%). Once the final set of models was identified, the Bayesian framework was extended to fit the final 4 models simultaneously (i.e., models for milk yield and composition). This allowed for population predictions to be computed, including uncertainty in milk energy and nutrient outputs. Four scenarios within the inference space of the dataset were constructed to show how the framework could be used. In 3 scenarios, the average gain per piglet was fixed at 216 g/d, which represented the mean in the dataset, and then LS was changed to 8, 9.5, and 12 piglets, respectively. In the 4th scenario, the LS was fixed at 9.5 piglets and the piglet gain was increased to 253 g/d to illustrate the effect of larger piglets on better potential for growth. The scenarios with the smallest LS (8 and 9.5 piglets) do not represent a modern high producing sow, but they were used to illustrate the effect of changing LS on MY. The calculated energy output was compared with values obtained using the NRC (1998) method.
RESULTS AND DISCUSSION

Model Development and Selection
The Wood curve was superior to the Gompertz function in fitting the data, and, hence, it was used for biological inference (Table 4) . Introducing covariate information into the Wood model led to a substantial improvement in the fit to the data ( i.e., DIC of 887 vs. 863). Model errors (i.e., observed − predicted MY) are plotted against the predicted values in Figure 3 and grouped according to the data source. Constant variance indicates that the statistical model based on the Wood curve produced a good fit to the noisy data. The variance for the individual data is slightly larger because of the imposed weighting scheme (i.e., more weight was assigned to the aggregated data because the sample variances for the treatment-time means were known).
Milk Production
Effect of Parity on Milk Yield. On d 5 and 20, there was no effect of parity on MY. At d 30, second parity sows (8.62 kg, 95% CI: 8.22; 9.03 kg) had greater MY compared with first parity sows (6.23 kg, 95% CI: 6.09; 6.31; P = 0.03), and parity >2 was not different from parity 2. In general, multiparous sows produce more milk and larger litters than primiparous sows, but the data on milk production for different parities is scarce, and it is questionable whether the MY of second parity sows differ from that of older sows (parity ≥3) because the differences are small, if they exist at all (Etienne et al., 1998; Tilton et al., 1999; Laws et al., 2009) . Litter size and gain are covariates in the model, and, hence, decreased MY are predicted if primiparous sows wean smaller LS or lower LG or both. The lack of a clear effect of parity in the current study could also be due to scarce data for the >2 parity group, or it could also be due to fewer data for all parities in early lactation compared with later stages, which probably makes it difficult to determine MY at early lactation for different parities (Figure 1 ). Excluding the parity effect from the list of covariates leads to a slightly but not statistically significant reduction in fit to the MY data as demonstrated by the DIC for the 2 models (i.e., 837 for the full model vs. 841 for the reduced model).
Methodological Aspects of Milk Yield Measurements. The mean MY (95% CI) on d 5, 20, and 30 was greater for D 2 O [6.92 (6.64; 7.22) kg, 9.21 (8.94; 9.48) kg, and 8.62 (8.22; 9.03) kg] than WSW [4.94 (4.84; 5.04) kg, 7.01 (6.87; 7.14) kg (P < 0.001); and 6.30 (6.17, 6.37) kg (P = 0.03)]. Weigh-suckle-weigh underestimated MY by 28.6, 23.9, and 26.9% on d 5, 20, and 30, respectively (Table 5) . The difference at d 20 and 30 was close to numbers observed in comparisons of the 2 methods, in which WSW underestimated the MY by 11.9 to 18.2% (Pettigrew et al., 1985; Prawirodigdo et al., 1990; Theil et al., 2002) . The underestimation can be ascribed to reduced milk intake by the piglets because of the interruption of nursing and losses through evaporation, urine, feces, and saliva during suckling (Klaver et al., 1981; Theil et al., 2002) . These results indicate that WSW should not be used if the absolute quantities of MY are the focus of a future study because of the underestimation of MY. On the other hand, WSW can be used if the interest is in estimating the difference between treatments.
Effects of Litter Size and Litter Gain on Milk Yield. The MY was affected by LS on d 5 (P < 0.001) and 20 (P < 0.001) and was associated with LG on d 20 (P < 0.001) and 30 (P = 0.002; Table 5 ). The mean LG was 2.05 kg/d (95% CI: 1.06; 3.31 kg/d), and the mean LS was 9.5 (95% CI: 6; 14) piglets. Litter size and LG are usually correlated because larger litters will also have greater weight gains compared with smaller litters. In the current study, the correlation between LS and LG was moderate (Spearman correlation coefficient = 0.5). Several studies found a linear relationship between MY and LS in the range of 3 to 14 piglets (Toner et al., 1996; Auldist et al.,1998; Nielsen et al., 2002) . However, Auldist et al. (1998) did not find a strong relationship in late lactation for larger LS because sows were closer to a maximum MY. It is suggested that ADG of piglets in larger litters might be limited by the MY of the sow at the peak of lactation (Zijlstra et al., 1996) .
Shape of the Lactation Curve. Four scenarios with changing LS or LG were constructed arbitrarily ( Figure 4 , Table 6 ) to illustrate the use of the new framework. The dataset contained very few measurements of MY after d 30 of lactation, and, hence, inference cannot be made to MY beyond this time point. As a consequence, MY predictions are only discussed from d 2 to 30. The mean MY at peak lactation was 9.23 kg (95% CI: 8.96; 9.50 kg), and the mean d of peak lactation was d 18.7 (95% CI: 17.0; 21.1) postpartum (Table 5) , which was in the third week of lactation. This finding was consistent with previous studies Theil et al., 2002; Daza et al., 2004) . The mean maximum MY covered experiments conducted from 1983 until the present; however, further analysis indicated that peak MY was greater in sows in more recent studies. Modern sows nurse larger litters and, hence, the equation format presented in Tables 3 and 5 would predict greater peak lactation MY in more recent studies because of the positive systematic relation to LS and LG. The scenarios showed that the shape of the lactation curve changed with changing LS and LG (Figure 4) . Increasing LS raised MY at peak lactation, whereas time of peak lactation was decreased, and, thus, an increase in LS from 8 to 12 piglets altered time to peak lactation from 21 to15 d. Concomitantly, the MY declined after peak MY in sows nursing large litters, which indicates that lactation persistency is a key issue for modern high yielding sows. An increase in LG from 2.05 to 2.40 kg/d (LS = 9.5) did not alter the time to peak lactation. The 4 scenarios indicated that LS affected the shape of the curve to a larger extent than LG. Mammary glands that are not regularly suckled will undergo involution (Kim et al., 2001; Theil et al., 2006) and, hence, in smaller litters, some of the mammary glands will not produce milk. Larger litters result in a stronger total suckling stimulation and greater MY (Spinka et al., 1997; Kim et al., 1999) . In sows with larger litters, additional mamma- ry glands are functional, which may explain the greater impact of LS compared with LG in the current study. The MY at peak lactation was also increased with increasing LS and LG, which is consistent with other studies (Toner et al., 1996; King et al., 1997) . Whittemore and Morgan (1990) proposed a theoretical lactation curve for sows, but the curve changed in parallel with changing LS; thus, the shape of the curve does not change, as in the current study. The approach of Whittemore and Morgan (1990) has been adopted by Dourmad et al. (2008) in the InraPorc model. Figure 4 clearly showed that the shape of the curve shifted when the LS or LG was altered, which emphasizes the importance of understanding the mechanisms controlling milk production to predict the shape of the lactation curve. Pomar et al. (1991) adopted the Dhanoa (1981) version of the Wood curve for representing the MY potential in sows; however, the parameters were not changing as a function of known non-nutritional factors (e.g., LG and LS) affecting daily MY. The homeorethic drive of lactation (C HI ) in the Pettigrew et al. (1992) model was represented as a second order polynomial, including a scalar (α) adjusting for non-nutritional factors [i.e., ( )
.000765
. Using simple algebra, it can be calculated that the time to peak MY is not dependent on α [i.e., ]. The choice of a second order polynomial makes the curve symmetrical around t m . A common feature of lactation profiles are right skewness, making the acceleration in MY in early lactation faster than the deceleration in late lactation. The limitations because of the functional form, representing homeorethic drive of lactation, cannot be at odds with biology. Moreover, having peak lactation fixed at d 26 postpartum was not supported by current dataset, and the analysis showed that time of peak MY was affected heavily by LS.
Milk Composition
The average MCP, ML, and MF was 5.22 (SD = 0.06), 5.41 (SD = 0.08), and 7.32% (SD = 0.17), respectively ( Table 7 ). The lactose content was consistent with other studies (Guan et al., 2004; Laws et al., 2009) and was affected by time (P < 0.05). Klobasa et al. (1987) also showed an increase in ML content during the first week postpartum, which is characteristic for the transition from colostrum to mature milk (Darragh and Moughan, 1998) . In studies by Csapo et al. (1996) and Laws et al. (2009) , the MCP varied from 4.2 to 5.6%, in agreement with our study. The protein content of milk increased with increasing CP percentage of the feed (P < 0.001). Kusina et al. (1999) and Guan et al. (2004) showed that increasing CP concentration in lactation diet increased MCP. An increase of 9% in MCP has been reported when dietary CP was increased from 7.8 to 18.2% (Guan et al., 2004) . Increasing dietary CP from 18.2 to 23.5% resulted only in a marginal increase of 1.6% in MCP, indicating that the uptake of AA by the mammary glands may reach a plateau at high CP intakes (Guan et al., 2004) . The fat content of sow milk can be highly variable, but our result fell within the range of literature values (e.g., King et al., 1993; Csapo et al., 1996; Toner et al., 1996) . Milk fat content decreased during the course of lactation (P < 0.001), which was in accordance with other studies (e.g., Klobasa et al., 1987; Csapo et al. 1996; Toner et al., 1996; Kusina et al., 1999) . It has been suggested that the decline in MF during lactation could be due to limited body fat reserves of the sow (Kusina et al., 1999) , resulting in less body fat being mobilized to support milk production at later stages of lactation. Eissen et al. (2003) showed that increasing LS would increase loss of back fat and BW during lactation as a consequence of mobilized nutrients to support milk constituent synthesis. In this analysis, there was no effect of dietary fat on milk fat percentage, which was in agreement with some studies (e.g., Lauridsen and Danielsen, 2004; Theil et al., 2004) , whereas other studies have shown an effect (e.g., Schoenherr et al., 1989; Averette et al., 1999; Tilton et al., 1999) . In some studies, fat supplementation increased piglet growth (Lauridsen and Danielsen, 2004) , which has been associated with an increased energy concentration of the milk (Lauridsen and Danielsen, 2004; Mateo et al., 2009 ). Lauridsen and Danielsen (2004) demonstrated that not all fat sources affect piglet growth, which may indicate that it is not solely the concentration of dietary fat that matters but also the fatty acid composition of the diet. A second reason for the lack of effect of dietary fat on MF content could be the large proportion of first parity sows in the dataset. First parity sows might not respond to increased dietary fat by increasing MF (Averette et al., 1999; Tilton et al., 1999) because of the larger variation in body reserves and a greater priority for nutrient retention in first parity sows compared with multiparous sows.
Prediction of Milk Nutrient Output and Energy Requirements
The new framework can be used to determine nutrient outputs (ML, MCP, and MF) and energy requirement for milk production under varying production expectations. Parameter estimates for the final model, excluding the parity effect, can be formulated as a set of prediction equations that follow: [11c] Equations [10a, b, c] and [11a, b, c] may be incorporated into a spreadsheet, and such a spreadsheet can be found as an online supplement (see online version of the Journal). The NE content of the milk was calculated from the product of MCP, MF, and ML, and their combustion values. Table 6 presents the expected net protein, fat, and lactose requirement for milk production at 5 d during lactation after the 4 outlined scenarios. The quantification of the daily protein requirement is crucial because it will determine the extent of body protein mobilization to support milk production and mammary gland growth and replenishment .
Our result shows that MY changes during lactation ( Figure 3 , Table 6 ), and, thus, an assumption of a constant energy requirement may overestimate requirement in early lactation and underestimate at later stages of lactation. The NRC (1998) approach to determine energy requirement is based on an equation from Noblet and Etienne (1989) Table 6 . Both underestimation and overestimation of actual energy requirement is problematic because optimal supply of energy and nutrients are prerequisites for minimizing weight loss of the sows (which in turn improves longevity) and prerequisites for supporting maximal milk production (Eissen et al., 2003; Schenkel et al., 2010) . As LS increases, the underestimation is further magnified (Table 6 ). The NRC (1998) framework was based on the WSW to determine MY, and, thus, the underestimation is likely to be caused by the experimental measurement technique. Furthermore, NRC (1998) assumed that the milk energy output is constant at all stages of lactation.
In conclusion, a Bayesian hierarchical model was developed for the analysis of milk production data originating from studies on sows. The classical Wood curve was used as the functional basis for modeling the time trends in MY where the structural parameters incorporated random study-treatment effects, and sow nested within studytreatment. Systematic effects of LS and LG and method were established. A second set of models to analyze milk composition data showed that MCP depends on dietary amounts of CP. Furthermore, MF content decreased during the course of lactation, but it was not dependent on dietary fat quantities. Finally, it was demonstrated that the newly developed framework could be used to make predictions of energy and protein requirements for lactation under different production expectations. Predictions can be ascertained at any point during the lactation, which was an advantage compared with previous published frameworks. The new framework can be incorporated into a whole animal model for determination of energy and nutrient requirements of lactating sows, which can optimize sow performance and longevity.
